Abstract. This paper analyzed the influence factors of heating load in residential area. The BP neural network algorithm was used for forecast, and BP neural network structure were built. The input sample was outdoor temperature, outdoor wind speed, indoor heat coefficient and heat supply in the last few days. The network structure output was heating load value on the day. Besides, the heating load of a residential district was predicted and verified by day unit and hour unit heating load, and the error of heating load forecasting with different methods were compared. The result shows that the regulation of heating load changes in residential area is periodic. the accuracy of heating load forecasting using hours as a unit is higher than using the day as a unit.
Introduction
In the northern cities and towns of China, heating mainly way is central heating and heating energy consumption accounts for the largest proportion of building energy consumption, Therefore, the research on heating energy saving is especially important in China's building energy saving.The key of realizing energy saving and improving heat users comfort is the proper amount of heat supply in the heating system, and the basis for achieving proper heating is load forecasting [1] . At present, the prediction methods of heat load mainly include energy consumption simulation prediction method [2] , gray prediction method, time series method, and regression analysis method. The grey prediction method is an adaptive model that can change parameters without changing the structure. It has strong adaptive ability to random nonlinear interference, and the model lacks resistance to accidental factors. Time series method is used for predictions with small load changes and slow response to sudden changes in weather. Regression analysis is essential for the accurate selection of independent variables, and the independent variables are used to predict response variables. The prediction accuracy of the existing prediction models is not high enough, and the model adaptive ability is poor when the fluctuation of the heat supply is large [3] . With the improvement of energy-saving requirements of heating systems and the rapid development of intelligent science and technology, the accuracy requirements of heat load prediction of heating systems are becoming more and more high [4] , and artificial neural networks are increasingly used to heat load forecasting of heating systems [5] . By selecting appropriate network topology and network parameters, neural networks can achieve complex image relationships that are difficult to represent with mathematical models [6] [7] . Literature [8] [9] [10] [11] concluded that neural networks can predict heating load, but there are few discussion about neural network input parameters and sample selection. This paper uses BP neural network to predict the heating load of residential area. The main factors affecting the heat load are outdoor temperature, wind speed, heat consumption and heating load value in the previous days. The BP neural network structure is established for the influencing factors, and the heating load forecasting is compared day by day through BP neural network structure. It is found that the difference in the number of input samples will affect the prediction accuracy of the heating load.
Influencing Factor

Meteorological Factors
Hao Youzhi [12] analysis of load autocorrelation, partial autocorrelation and cross-correlation shows that the load on the day has a strong correlation with the load of the previous days. The input parameters of the thermal load forecast are the loads of the previous days. Does not include outdoor temperature.
Collecting the sample data of the heating system in a residential area in January 2018, and analyzing the data on the typical day of the 16th, the heating load is affected by the outdoor temperature(refer with: Fig. 1 ), it can be seen that when the outdoor environment temperature is low, the heating load is small; when the outdoor environment temperature is high, the heating load is large. Therefore, the heating load is greatly affected by the outdoor temperature and is a necessary input parameter for heating load prediction. Fig. 4 ) is a heat supply load trend curve drawn according to the heat supply data of a residential district heating system for 24 hours on January 3, January 11, and January 16, 2018, which is drawn on Wednesday, Thursday and Tuesday, not weekends, so the residential heat features are similar. As can be seen from Figure 2 , Figure 3 , Figure 4 , the minimum heating load for these three days is basically between 10:00 and 16:00 during the day, and the highest heating load is between 1:00 and 3:00 during the night. It can be seen that due to the influence of outdoor temperature changes during the day and day and night, the thermal load change law of the residential district heating system has obvious periodicity, which shows that the highest heat load occurrence time and the lowest heat load occurrence time are similar. However, on January 3, January 11, and January 16, the trend of the heating load change trend line is different 24 hours a day. It can be seen that the factors affecting the heating load of the residential area are affected by in addition to the outdoor temperature, it is also affected by system factors such as heating load in the previous days, heat conditions, and building characteristics . 
System factor
Random Factor
Erik Dotzauer [13] and Peder Bacher [14] added user's personal behavior in the study of influencing factors. By establishing a thermal load forecasting model, it was found that the change of user behavior patterns has a great impact on thermal load forecasting.
Through the investigation of the thermal conditions and personnel behavior patterns of residential areas, this paper divides the user's heat into three periods (7:00~16:00, 16:00~22:00, 22:00~7:00), The heat conditions are different on weekdays, weekends and holidays, The thermal coefficients are shown in Tables 1 and 2 . Load factor 0.9 0.9 0.7 Load factor 0.5 0.9 0.7
Neural Network Structure
BP neural network consists of input layer, hidden layer and output layer, with three or more layers neural network, Each layer is composed of several neurons and Its left and right layers are Each neuron achieves full connectivity. According to the above analysis of the factors affecting the heating load of the residential area, the BP neural network structure is established. The input samples are the outdoor temperature, the outdoor wind speed, the indoor heat coefficient and the heating energy load value of the first 4 days, and the output sample is the heating load value for the day, and the network structure is selected as 7-6-1, (refer with: Fig.5 ). 
Simulation Test
Collecting heat load data of a residential district heating system in a city from January 1 to January 31, 2018, 740 sets of data hourly, 540 sets of data as training samples, and 200 sets of data as predictive samples; 31 sets of data daily, 20 sets of data as training samples, and 11 sets of data as predictive verification samples. Due to the development of heating system metering systems and data acquisition technology and the increasingly of the heating system operation data, it is necessary to analyzed and compared the reasonable input samples and determined the appropriate forecasting unit according to the actual heating requirements. Using MATLAB as the platform, the heating load was predicted by 7-6-1BP neural network.
Heating Load Forecast Daily
Using the 7-6-1 BP neural network structure, 20 sets of daily heating load data were trained, and 11 sets of data were used for prediction and verification, and the comparison curves and relative error results of actual values and predicted values were obtained. Figure 6 (refer with: Fig.6 ) is 7-6-1 network structure daily thermal load predictive value and actual value comparison curve. Figure  7 (refer with: Fig.7 ) is 7-6-1 network structure daily forecasting sample relative error curve. Forecast the heating load on a daily basis, It can be seen from Figure6 (refer with: Fig.6 )and Figure7(refer with: Fig.7 )that when the 7-6-1 neural network structure is adopted, most of the predicted values are close to the test value, the maximum relative error is 14%, and the minimum relative error is 0.2%. Therefore, when the heating load is predicted in daily units, if the number of input samples is small, the accuracy of the prediction result is low.
Heating Load Forecast Hourly
Using the 7-6-1 BP neural network structure, 540 sets of daily heating load data were trained, and 200 sets of data were used for prediction and verification, and the comparison curves and relative error results of actual values and predicted values were obtained. Figure 8(refer with: Fig.8 ) is 7-6-1 network structure hourly thermal load predictive value and actual value comparison curve. Figure  9 (refer with: Fig.9 ) is 7-6-1 network structure hourly forecasting sample relative error curve.
Forecast the heating load on a hourly basis, It can be seen from Figure 8 (refer with: Fig.8 ) and Figure 9 (refer with: Fig.9 )that when the 7-6-1 neural network structure is adopted, The difference between the predicted value and the test value is smaller than the difference between the heating load forecast in days, and the prediction accuracy is improved. The 7-6-1 network structure hourly predictive sample training error curve is shown in Fig. 10(refer with: Fig.10 ). The average relative error of the 7-6-1 BP neural network structure heating load prediction is shown in Table 3 . As can be seen from Table 3 , According to the simulation test and actual verification of the heating load forecast in the residential area, Using the 7-6-1 BP neural network structure to predict the relative error of the heating load hourly is smaller 3.1% than the relative error of the predicted heating load daily. Therefore, under the amount of data meets the requirements, the accuracy of using the hourly unit for heating load prediction is higher than the accuracy of using the daily unit for heating load prediction.
Summary
This paper analyzes the factors affecting the heating load of residential areas and the method of predicting heating load. The 7-6-1 BP neural network structure was established for prediction, and the heating load of a residential area was predicted and verified by the heating load in days and hours. Comparing the errors in heating load forecasting, the conclusions are as follows:
(1) The heating load of residential area is greatly affected by outdoor temperature, and heat load change has obvious periodicity. It shows that the daily maximum heating load occurrence time and the lowest heat load occurrence time are similar in heating period. However, the shape of the heating load change trend line is different 24 hours a day, so there are many factors affecting the heating load of the residential area.
(2) The main factors affecting the heating load in residential areas are outdoor temperature, wind speed, heat consumption and heating load value in the previous days. If the number of input samples is sufficient, the accuracy of heating load forecasting will be improved.
(3) According to the simulation test and actual verification of the heating load forecast in the residential area, under the premise that the amount of data meets the requirements, the accuracy of the heating load forecast in hours is higher than the accuracy of the heating load forecast in days.
